Objective: To develop and validate case definitions (computable phenotypes) to accurately identify neurosurgical and critical care events in children with traumatic brain injury. Design: Prospective observational cohort study, May 2013 to September 2015. Setting: Two large U.S. children's hospitals with level 1 Pediatric Trauma Centers. Patients: One hundred seventy-four children less than 18 years old admitted to an ICU after traumatic brain injury. Measurements and Main Results: Prospective data were linked to database codes for each patient. The outcomes were prospectively identified acute traumatic brain injury, intracranial pressure monitor placement, craniotomy or craniectomy, vascular catheter placement, invasive mechanical ventilation, and new gastrostomy tube or tracheostomy placement. Candidate predictors were database codes present in administrative, billing, or trauma registry data. For each clinical event, we developed and validated penalized regression and Boolean classifiers (models to identify clinical events that take database codes as predictors). We externally validated the best model for each clinical event. The primary model performance measure was accuracy, the percent of test patients correctly classified. The cohort included 174 children who required ICU admission after traumatic brain injury. Simple Boolean classifiers were greater than or equal to 94% accurate for seven of nine clinical diagnoses and events. For central venous catheter placement, no classifier achieved 90% accuracy. Classifier accuracy was dependent on available data fields. Five of nine classifiers were acceptably accurate using only administrative data but three required trauma registry fields and two required billing data. Conclusions: In children with traumatic brain injury, computable phenotypes based on simple Boolean classifiers were highly accurate for most neurosurgical and critical care diagnoses and events. The computable phenotypes we developed and validated can be used in any observational study of children with traumatic brain injury and can reasonably be applied in studies of these interventions in other patient populations. (Pediatr Crit Care Med 2017; 18:442-451)
T raumatic brain injury (TBI) causes approximately 2,200 deaths and 35,000 hospitalizations in U.S. children annually (1) . Our current knowledge of how best to treat children with TBI has many gaps (2) . The potential for gaining knowledge from large existing data sources is wellknown (3) (4) (5) . Several national and international administrative databases and registries contain information about thousands of children who have suffered TBI.
The use of healthcare database codes to represent clinical diagnoses and events is challenging because International Classification of Diseases, Ninth Revision, Clinical Modification (ICD-9-CM) and other codes commonly used in observational studies have imperfect accuracy (6, 7) . Validation of these codes is important because misclassification of exposures, and particularly outcomes, can powerfully bias epidemiologic studies (8) . Validated case definitions, also known as "computable phenotypes" or "classifiers," have been published for some clinical conditions but not for neurosurgical and critical care interventions in children with TBI (9) . Some computable phenotypes are designed to find patients within electronic health record systems in real time to facilitate study recruitment (10) . Others are designed to support comparative effectiveness studies using observational data.
We conducted this multicenter prospective observational study to accomplish two objectives. First, to develop and validate classifiers that accurately identify important variables for studies of children with TBI in databases: the TBI diagnosis, neurosurgical and critical care interventions, and proxies for functional status at hospital discharge. Second, to demonstrate a workflow for database code validation that generates classifiers that 1) are optimally accurate given the available predictors, 2) are consistent, reproducible (11) , and parsimonious, 3) have unbiased accuracy estimates, and 4) can easily be applied by other investigators.
METHODS

Study Sites and Inclusion/Exclusion Criteria
The methods for this prospective cohort study have been described previously (12) . Briefly, the study was conducted at two pediatric trauma centers: Primary Children's Hospital (PCH) in Salt Lake City, UT and Children's Hospital Colorado (CHCO) in Aurora, CO. At PCH, we enrolled patients from May 2013 to September 2015. At CHCO, we enrolled patients from September 2014 to September 2015.
We included all patients less than 18 years old admitted to an ICU with a diagnosis of acute TBI and either a Glasgow Coma Scale (GCS) score less than or equal to 12 or a neurosurgical procedure within 24 hours of admission. We excluded surviving patients discharged from the ICU within 24 hours of admission without a neurosurgical or critical care intervention. The study was granted a waiver of consent by both institutional review boards, and all eligible patients were enrolled. The sample size for this study was determined by the number of patients in the cohort when we locked the data and began the analysis for this article.
Linkage of Prospective Data With Database Records
No single database contains all of the necessary variables to answer important clinical questions about how to care for children with TBI. We have previously linked the records of children with TBI in two large national databases, the Pediatric Health Information Systems (PHIS) database and the National Trauma Data Bank (NTDB) (13) .
PCH and CHCO submit data to both the PHIS database and the NTDB. After patient discharge, the PHIS and NTDB records for all study patients were obtained from the hospital analyst and hospital trauma teams, respectively. Using patient identifiers, we linked the prospective data with the PHIS and NTDB records for each patient (Fig. 1) .
PHIS
PHIS is a benchmarking and quality improvement database containing inpatient data from greater than 45 U.S. children's hospitals. PHIS contains administrative data, diagnoses, and procedures as well as utilization information for hospital supplies and clinical, imaging, and laboratory services. The utilization data are coded using Clinical Transaction Classification (CTC) codes. The data reliability and quality monitoring processes used by the PHIS database have been reported previously (14, 15) . Importantly, the ICD-9-CM diagnosis and procedure codes in PHIS are the same ICD-9-CM codes present in many administrative databases.
NTDB
The NTDB contains standardized trauma registry data from more than 900 trauma centers in the United States (16) . The NTDB has a continuous data quality improvement process (16) . In contrast to standard administrative ICD-9-CM codes, the ICD-9-CM diagnosis and procedure codes in the NTDB are generated by each institution's trauma registrars.
Statistical Methods-Overview
We developed and validated penalized logistic regression and Boolean classifiers using PHIS and NTDB data fields to predict each clinical event. The clinical events of interest were a diagnosis of acute TBI, intracranial pressure (ICP) monitor placement, craniotomy or craniectomy, central venous catheter (CVC), arterial catheter, or peripherally inserted central catheter (PICC) placement, invasive mechanical ventilation, new gastrostomy tube (GT) placement, and new tracheostomy placement. Each classifier is a model (penalized regression or Boolean) that generates an estimated probability and a classification (yes/no) of whether a given patient experienced a given clinical event (e.g., ICP monitoring).
Penalized logistic regression (17) , now widely used in statistical and machine learning (18) , has the potential to select only the necessary variables for a classifier and to "shrink" regression coefficients to avoid overfitting. We compared each penalized regression model with the corresponding Boolean classifier (e.g., code X | code Y = "yes"). The regression models differ from Boolean classifiers in two important ways. First, each variable in each model has a coefficient, so the effect of that variable on the estimated probability for a given patient may be higher or lower than that of other variables. Second, uninformative variables may have been removed from the models by the shrinkage process. Boolean classifiers with codes selected ad hoc may contain codes that are unnecessary or that worsen classification accuracy. Each code in a Boolean classifier is given equal weight, whereas a classification model developed using regression gives a different coefficient to each code.
We designed our analysis to follow the recommendations of the Transparent Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis (TRIPOD) statement, a recently released international guideline endorsed by 11 major journals (19) . Most computable phenotype studies (67%) (9) develop and evaluate classifiers on the same data, which generates "optimistic" accuracy estimates (20) . As recommended for small samples by the TRIPOD statement, we developed the classifiers using data from one site (n = 121) and externally validated them using a second site (n = 53), so-called "geographic validation" (19) . This is a departure from the more common "split-sample" approach, which has been shown to have high variability without a large sample size (20) .
Because investigators using existing data to study TBI may use data from different sources, we developed and validated the optimal computable phenotype/classifier for each clinical diagnosis or event in four different database types: 1) standard administrative ICD-9-CM data, 2) NTDB data, 3) PHIS data, and 4) linked PHIS-NTDB data. The first classifier is generalizable to any study of administrative data containing ICD-9-CM codes. The second classifier is generalizable to any study of data formatted according to the National Trauma Data Standard (21) . The third classifier is generalizable to any study using PHIS data. The fourth is useful for analyses of the linked PHIS-NTDB dataset (13) .
Gold-Standard Outcomes and Candidate Predictors
For each clinical event, we used the prospectively collected data as the gold-standard outcome. Candidate predictors for each clinical event were identified from published studies using ICD-9-CM codes and by review of ICD-9-CM and CTC codebooks by clinical experts. The candidate predictors for ICP monitoring, for example, included ICD-9-CM procedure codes, CTC billing codes for the "supply" kit (tubing, reservoir, etc) necessary to monitor ICP, and a "clinical" CTC billing code for monitoring ICP (22) .
Penalized Regression Models
We developed and internally validated an optimal penalized logistic regression model for each clinical diagnosis or event and each of the four database types. One commonly used form of penalized regression, the least absolute shrinkage and selection operator (LASSO), can perform variable selection by shrinking coefficients to 0. Unfortunately, the LASSO will tend to select one of two highly correlated predictors at random, rather than incorporating correlated predictors as "groups" into a model. We avoided the LASSO's inconsistencies with correlated predictors by allowing the shrinkage penalty (α) to vary between 0 ("ridge" regression) (23) and 0.9 ("elastic net" [24] regression has 0 < α < 1, LASSO has α = 1). We selected and internally validated the optimal model using five-fold crossvalidation with accuracy (percent of patients in the training dataset correctly classified as yes or no) as the metric to evaluate each model (25) . When models had equivalent accuracy, we selected the model with higher α to maximize parsimony. 
Model Testing
We externally validated the classification models by predicting the event status (e.g., ICP monitoring yes/no) of each patient in the testing dataset (the second site) and comparing the classification with the truth. Again, the primary outcome was model accuracy. As recommended by guidelines (19), we also evaluated overall model performance using Brier's score (26) and discrimination using sensitivity, specificity, and the c-index (equivalent to area under the curve [AUC] for these binary outcomes). A perfectly fit model will have a Brier's score of 0 and "chance" predictions of 0.5 for each subject will give a Brier's score of 0.25.
Software and Statistical Significance
Data analysis was conducted in R version 3.3.1 (27) . We used the "glmnet" (28, 29) package in R to develop and internally validate the penalized regression models. We defined statistical significance as p value of less than 0.05. Code to generate the analysis and the article was written using "rmarkdown" (30) and compiled using "knitr" (31) and is entirely reproducible.
RESULTS
Prospective Cohort
We enrolled 174 consecutive patients overall, 121 (70%) at PCH and 53 (30%) at CHCO ( Table 1) . Most of the patients, 119 of 174 (68%), had severe TBI, and more than one quarter, 49 of 174 (28%), had a GCS of 3 at admission. Overall injury severity was high: 139 of 172 (81%) had an Injury Severity Score (ISS) of at least 15. Hospital mortality was 14% overall and 20% among those with severe TBI.
Neurosurgical Interventions
Overall, 49 of 174 patients (28%) received ICP monitoring (Table 1) , including 40 of 119 (34%) of those with severe TBI. Of those who received ICP monitoring, the mean number of monitors was 1.3 ± 0.5. The maximum number of separate ICP monitors in one patient was three. Among survivors, the first ICP monitor was in place a median (interquartile range) of 4 days (2-6 d).
We identified ICP monitors with excellent accuracy (98%) using only the ICD-9-CM procedure codes available in standard administrative databases ( Table 2) . A Boolean classifier using three procedure codes in administrative data had 100% accuracy. We identified ICP monitors less well (accuracy 92%) using the ICD-9-CM procedure codes from the NTDB and penalized regression. A Boolean classifier using six codes had perfect accuracy using NTDB data ( Table 2 ). All ICP monitor classifiers performed well by AUC and Brier's score.
More than one quarter of the patients, 49 of 174 (28%), received a craniotomy or craniectomy (Table 1) . Nearly half, 21 of 49 (43%), of those who received a craniotomy or craniectomy also received an ICP monitor. As expected, craniotomies were often for hematoma evacuation (Table 1) . Of the 10 patients who received a strictly decompressive craniectomy, four received it on the day of admission, four on the day following admission, and one each on days 4 and 5. Of those who had a craniotomy or craniectomy, 24 of 49 (49%) went directly to the operating room from the emergency department (ED).
Because ICD-9-CM procedure codes do not specifically identify each type of craniotomy or craniectomy, we developed a classifier to identify any craniotomy or craniectomy. Overall, craniotomy or craniectomy in children with TBI can be identified well although multiple codes are required (Table 2) . Standard administrative ICD-9-CM procedure codes and a regression model are sufficient to identify craniotomy or craniectomy with 94% accuracy. Classifiers using administrative data were superior to classifiers using NTDB data, which were 89% accurate.
Vascular Catheters
Fewer than half of the patients, 82 of 174 (47%), received central venous access in the form of a CVC or PICC (Table 1) . Among those with severe TBI, just over half, 67 of 119 (56%) received central venous access. Just over one third of all patients, 62 of 174 (36%), and fewer than half of those with severe TBI, 52 of 119 (44%), had both central venous access and arterial access.
Models to identify vascular catheters were less accurate than models to identify neurosurgical procedures ( Table 3) . For CVC's, the best model using administrative data was 79% accurate (Table 3) . Sensitivity was poor, 59%, but specificity was excellent, 100%. That model contained only one code, ICD-9-CM 38.93. Our variable selection method identified only one NTDB ICD-9-CM procedure code (89.62, a different code than in standard administrative data) to predict CVC's. None of the CVC classifiers achieved 90% accuracy.
Like CVC's, arterial catheters are challenging to detect using ICD-9-CM procedure codes (Table 3) . Because the NTDB contained only one candidate code, no penalized regression model was fit for that data type. Boolean classifiers performed well overall: regression models had no advantage. The best classifier was a Boolean classifier using all of the available codes, including a CTC billing code found only in PHIS.
No specific procedure code for PICC placement exists in ICD-9-CM. Of those patients who had a PICC placed, 14 of 24 (58%) also had a CVC. For that reason, the two ICD-9-CM procedure codes used for CVC's were considered for the PICC classification models (Table 3) . Overall, we found that no ICD-9-CM-based method identifies PICC's reliably. The administrative and NTDB-only models contained too little predictive ability for model performance measures to be calculated. However, a penalized regression model containing a single "clinical" CTC (billing) code from PHIS identifies PICC's with 98% accuracy. A separate Boolean classifier based on the single CTC billing code also had 98% accuracy in the test dataset.
TBI Diagnosis
Overall, 167 of 174 (96%) of the prospective enrolled patients received one of the ICD-9-CM diagnosis codes used by the Centers for Disease Control (CDC) to track TBI hospitalizations and ED visits in their PHIS record and 171 of 174 (98%) received one in their NTDB record (1) . Because the group of CDC codes (in effect, a Boolean classifier) performed well overall, we did not build a penalized regression model for TBI diagnosis. Of the seven patients without a CDC TBI diagnosis code in the PHIS record, six prospectively received a diagnosis of child abuse. Similarly, all three patients without a CDC TBI diagnosis code in their NTDB record were injured by child abuse. Among children with child abuse, the CDC codes were present less often in both the PHIS database, 33 of 39 (85%), and the NTDB, 36 of 39 (92%). Using the PHIS ICD-9-CM diagnosis code 995.54 (child physical abuse) in addition to the CDC list of diagnosis codes would capture four of the seven missed patients.
Mechanical Ventilation
Because nearly all of the patients, 161 of 174 (93%), were invasively mechanically ventilated, we did not fit a penalized regression model. A Boolean classifier using administrative data and ICD-9-CM procedure codes for ventilation (96.70, 96.71, or 96.72) validated in adults (32) had only 80% within-sample accuracy in our study. Specificity was excellent, 100%, but sensitivity was a concern (78%). That classifier gave nearly three times as many false negatives (33) as true negatives (13) . A similar classifier using NTDB data was only 49% accurate. PHIS contains a "ventilation flag" that is a Boolean classifier including ICD-9-CM procedure codes 96.70-96.72 and two CTC billing codes for ventilation care by respiratory therapists. That flag had 93% accuracy, 93% sensitivity, and 92% specificity. A Boolean classifier using both the PHIS flag and any of the ICD-9-CM procedure codes from NTDB data had the best accuracy, 94%, but had nearly as many false negatives (10) as true negatives (12) . All 10 of the false negatives from that classifier were intubated and extubated on the same calendar day and survived to discharge.
New Technology Dependence
Fewer than 10% of all patients, 13 of 174 (7%), received a new GT during the hospitalization (Table 1) . Only five of 174 (3%) received a new tracheostomy, all of whom also received a new GT (12) .
Because of the small number of events, we did not fit penalized regression models for GTs and tracheostomies. A Boolean classifier for GTs using ICD-9-CM procedure codes 43.11 or 43.19 from either PHIS or the NTDB would capture 12 of 13 (92%) of the patients who received a GT. The within-sample accuracy was 98%, with sensitivity 92% and specificity 98%. A Boolean classifier for tracheostomies using ICD-9-CM procedure codes 31.1x or 31.29 from the NTDB would capture four of four (100%) of the patients who received a tracheostomy.
Penalized Regression Models
The best performing model selected by cross-validation for each clinical event and data type had α = 0.9. This represents elastic net regression with the α tuning parameter close to that of the LASSO, which should maximize the variable selection properties of the elastic net.
DISCUSSION
In this study, we developed and validated classifiers to identify ICP monitoring, cranial surgery, vascular access procedures, and other important clinical events in critically injured children with TBI. Simple Boolean classifiers were greater than or equal to 94% accurate for seven of nine clinical diagnoses and events. For CVC placement, no classifier achieved 90% accuracy.
Accurate classification was dependent on available data fields. Only four (ICP monitoring, craniotomy or craniectomy, GT placement, and the TBI diagnosis) of the nine variables we analyzed could be classified with greater than or equal to 94% accuracy using standard administrative ICD-9-CM codes. For a fifth clinical event, CVC placement, administrative codes were as accurate as other data types, but the best available accuracy was only 89%. Three clinical events (arterial catheter placement, mechanical ventilation, and tracheostomy) required trauma registry codes for accurate classification. Two clinical events (PICC placement and mechanical ventilation) required transactional billing (CTC) codes from the PHIS database for accurate classification. Other investigators have also reported that for some clinical phenotypes and events, variables in addition to ICD-based codes are necessary (9) .
The classifiers we have developed and validated will be useful for other studies of critically injured children that use existing administrative, billing, or registry data. ICP monitors can be identified very accurately using either a penalized regression or a Boolean approach. Our Boolean classifier using administrative data performed better than a similar classifier did (91% sensitivity) in a single-center study of adults with severe TBI (34) . For craniotomy/craniectomy, the best classifiers performed well overall (94% accuracy and 98% specificity) and Boolean classifiers using NTDB data had similar sensitivity (82% vs 85%) to a study of adults with severe TBI (85%) (34) . Investigators who choose to use the craniotomy/craniectomy classifiers in the future will need to perform sensitivity analyses to determine the effect of the classifiers' sensitivity on their results.
Identifying vascular access procedures using database codes is more problematic. The ICD-9-CM procedure codes available in standard administrative data have excellent specificity but poor sensitivity for CVCs, approximately 60%. This is consistent with previous work which found poor sensitivity for CVCs and central line-associated bloodstream infections using ICD-9-CM and CPT codes (33, 35) . Careful sensitivity analyses are indicated if CVCs are to be identified using only administrative data fields. The best available classifiers in our study used registry (NTDB) data. PICC's could only be identified with excellent accuracy using a billing code present in the PHIS database.
The diagnosis codes used by the CDC to track ED visits and hospitalizations for acute TBI performed well overall (> 95% accuracy). Our findings are similar to another study that found that 89% of adults with severe TBI also had one of the CDC diagnosis codes (34) . However, the CDC algorithm is less accurate in children with TBI from child abuse, only 85%. Adding ICD-9-CM 995.54 to the CDC algorithm might improve detection of abused children with TBI. A Boolean classifier using ICD-9-CM procedures codes 96.70-96.72 for mechanical ventilation had excellent specificity (100%) in administrative data but lower sensitivity (78%). These results are similar to a study in adults (32) . Like that study, our evaluation of that classifier used only within-sample validation and may be optimistic. We also found that billing codes for respiratory therapy care present in PHIS dramatically improve the performance of classifiers for mechanical ventilation. The best available classifier for mechanical ventilation uses administrative, billing, and registry data in combination.
Children with TBI who survive their injuries but have persistent deficits may receive new GTs and tracheostomies. Simple Boolean classifiers identify these procedures accurately. Our results are consistent with a small study of adults receiving tracheostomies after stroke, which found that a Boolean classifier using ICD-9-CM procedure codes 31.1x and 31.2x performed well (36) .
Strengths of this study include the use of prospectively collected data as a gold standard. We also used best-practice methods for the development and validation of classification models including shrinkage of regression coefficients, internal validation using cross-validation (bootstrapping is another recommended option), and geographic external validation (19) . Without a very large sample size, geographic (different site) or temporal (different time) validation is now considered a stronger design than the "split-sample" approach because differences between the training and testing datasets are not strictly random (10, 19, 20) . Although not found to be superior to Boolean classifiers for most variables in this study, penalized regression effectively selected the key variables for each model and shrunk coefficients to avoid overfitting. Stepwise regression has been widely used in epidemiologic studies, but is not guaranteed to select the best set of predictors (37), does not always select a consistent set of predictors, and performs poorly when candidate predictors are highly correlated (38) .
This study has several limitations. First, we conducted the prospective study at only two centers. Trauma registry coding at NTDB centers is guided by the National Trauma Data Standard (21) , but significant variability between centers has been reported (39) . Second, the sample size is relatively small (174 children overall with 53 at the validation site). We used gold-standard methods to assess the accuracy of the classifiers we developed and reported CIs with each point estimate. Several of the classifiers are robust despite the small sample size. Third, the classifiers we developed are largely based on ICD-9-CM diagnosis and procedure codes. U.S. hospitals began using ICD-10 in October 2015. However, an enormous amount of existing data is coded using ICD-9-CM. The classifiers in this article will be useful to investigators analyzing those data for the next several years. In addition, the prospective study that generated these data remains open. We will develop and validate novel ICD-10-based classifiers as soon as we have enrolled a sufficient sample size. Fourth, some clinical events are rare enough (e.g., tracheostomy) or common enough (e.g., mechanical ventilation) in critically injured children with TBI that only Boolean classifiers could be evaluated. Fifth, we did not assess model calibration.
